Integrating Results across Methodologies Is Essential for Producing Robust Neuronal Taxonomies INTRODUCTION
The brain operates on a variety of spatial scales, from individual molecules to broad cellular networks. Clarifying the organizational rules of this multiscale system can provide critical insight into how the structure of the nervous system ultimately produces function. Among the many techniques available to elucidate these rules, gene expression analyses (e.g., in situ hybridization, ''ISH''; next-generation RNA sequencing, ''RNA-seq'') have emerged as powerful tools for identifying cell types and corresponding spatial organizational rules.
A detailed understanding of how cell types are organized in space is particularly relevant for the hippocampus, wherein functional contributions from a given canonical cell type can vary according to geographical location (Knierim et al., 2013; Slomianka et al., 2011; Strange et al., 2014) . Consequently, a collection of work has emerged delineating how gene expression within cell types spatially varies across the hippocampus (Cembrowski et al., 2016a (Cembrowski et al., , 2016b Dong et al., 2009; Thompson et al., 2008) . At the core of this research is the question of whether celltype heterogeneity adheres to discrete subdomains or exhibits continuous variation (Strange et al., 2014) . Recently, Shah et al. (2016) claimed that a new method based on sequential fluorescent ISH (''seqFISH'') reveals a primarily discrete organization, arriving at conclusions contrary to the continuous variation found by RNA-seq, ISH, immunohistochemistry, and circuit mapping (Cembrowski et al., 2016a; Habib et al., 2016) .
We sought to understand the reasons for this discrepancy by comparing gene expression data from previous studies to that reported by Shah et al. (2016) . In doing so, we identified three limitations inherent to the methodology and/or conclusions of Shah et al. (2016) that can account for these differences. One, the majority of genes targeted by seqFISH are expressed at such low levels that they are undetectable using other sensitive methods. Two, Shah et al. (2016) fail to recapitulate fundamental rules governing cellular hierarchies. Three, Shah et al. (2016) mischaracterize boundaries between major neuronal cell types. We address each of these issues in turn below, ultimately emphasizing that the organization of brain regions is best understood when seeking to unify results across techniques.
RESULTS AND DISCUSSION
Many organizational claims of Shah et al. (2016) are first established by assessing the expression patterns of 125 genes within a single section of the hippocampus. Of these 125 genes, a clever strategy enables 100 genes to be multiplexed in four sequential rounds of hybridization by seqFISH barcoding (''barcoded genes'') (Lubeck et al., 2014) , whereas the remaining 25 genes do not use the seqFISH technique. Notably, most of the 100 barcoded genes that form the basis of the seqFISH methodology have not been previously identified as spatially heterogeneous within hippocampal cell types (Cembrowski et al., 2016a (Cembrowski et al., , 2016b Dong et al., 2009; Habib et al., 2016; Lein et al., 2007; Leonardo et al., 2006; Thompson et al., 2008; Zeisel et al., 2015) . This discrepancy, combined with the fact that barcoding seqFISH is facilitated by targeting genes expressed at low abundance, motivated us to examine the expression of these genes in the hippocampus. We therefore cross-validated the expression of these 100 genes using three external datasets: (1) cell-type-specific population RNA-seq measurements providing high sensitivity for genes expressed at low levels (Cembrowski et al., 2016a (Cembrowski et al., , 2016b ; (2) single-cell RNA-seq measurements providing cellular resolution of transcriptomes (Zeisel et al., 2015) ; and (3) whole-genome ISH providing spatial visualization of gene expression (Lein et al., 2007) . These three datasets, spanning different laboratories and methodologies, provide a critical opportunity to externally validate the results of Shah et al. (2016) .
We initially focused on CA1 pyramidal cells, as gene expression in these neurons underlies many claims of Shah et al. (2016) . We began by examining gene expression in subcluster 6_5, which contained the highest number of CA1 pyramidal cells (Table S2 in Shah et al., 2016) . We note that cluster 6 is predominantly found in the pyramidal cell layer of dorsal CA1, and subcluster 6_5 in particular is described by enrichment of genes Csf2rb2, Cyp2c70, Fam69c, and Olr1 (Table S2 in Shah et al., 2016) . However, cross-validation of these four putatively enriched genes found negligible expression in all three external datasets ( Figure 1A) . Specifically, population RNA-seq showed 0 fragments per kilobase of exon per million reads (FPKM) for all four genes, single-cell RNA-seq did not detect a single molecule of Csf2rb2, Fam69c, or Olr1 in 98.5% of cells (n = 815/827; Cyp2c70 was not quantified in this dataset), and ISH did not detect expression of any of these genes.
Given the poor cross-validation of the enriched genes in this particular subcluster, we examined the extent to which all 100 barcoded genes were expressed in CA1 pyramidal cells. Again, all three external datasets indicated that most barcoded genes used in Shah et al. (2016) were expressed at low or undetectable levels ( Figure 1B ). In bulk RNA-seq, 84% of genes showed FPKM < 10, an operational threshold for functional expression (Cembrowski et al., 2016a) . In single-cell RNA-seq, 90% of genes showed less than one detected molecule/cell on average. In ISH, 95% of genes showed no expression in CA1 pyramidal cells. Upon expanding our analysis to examine whether these genes were expressed in other cell types of the hippocampus, we again found that almost all barcoded genes were effectively off in the hippocampus ( Figure 1C ). Finally, similarly low expression of barcoded genes was observed for the second set of genes targeted by Shah et al. (2016) (249 gene set: population RNA-seq: 69% of genes < 10 FPKM across all neuronal populations; single-cell RNA-seq: 86% of genes < 1 molecule/cell for all cell types; ISH: 70% not detected).
Thus, each of the three complementary transcriptomics datasets illustrated that the barcoded probes used by Shah et al. (2016) primarily targeted genes that exhibited minimal expression in the hippocampus. As with any scientific methodology, each one of these datasets has respective technical limitations and advantages. Despite these methodological differences, each external dataset arrived at the same conclusion: expression of most seqFISH barcoded genes was not externally verifiable. It remains to be determined whether seqFISH is prone to false positives or is truly resolving gene expression at very low abundances. In either case, however, this poses a significant caveat when using seqFISH as a classifier: both false and very low abundance transcripts contain minimal information relevant to cell-type classification and function.
Consistent with this limitation, much of the organization found by Shah et al. (2016) is in stark contrast with conventional celltype taxonomy of brain tissue. When the expression of all genes is considered in the hierarchical clustering of brain cell types, the primary bifurcation separates neurons from non-neuronal cells, and subsequent bifurcations refine subtypes of these broad classes (Figure 2) (Macosko et al., 2015; Tasic et al., 2016; Zeisel et al., 2015) . Conversely, clustering using the seqFISH methodology, which employed a relatively small number of minimally expressed genes, exhibited a complicated hierarchy mixing regionally, structurally, and functionally distinct neuronal and non-neuronal populations ( Figure 3B in Shah et al., 2016) . The dimensionality reduction associated with these clusters showed no separation between putatively distinct classes ( Figure S3H in Shah et al., 2016) , and even the finest classes failed to separate cells from different brain regions ( Figure S3E in Shah et al., 2016) . It is unclear to what extent this poor separation reflects targeting a limited set of genes, the minimal expression of those genes, or false-positive effects. Regardless, a technique that does not recapitulate general and well-established principles of cellular organization is of limited value for elucidating the spatial organization of brain tissue. Shah et al. (2016) , in fact, acknowledge this problem in their paper, but they ignore their own cautionary remarks by drawing these types of conclusions in the title, abstract, and discussion of the paper.
Ultimately, a primary conclusion of Shah et al. (2016) was that their data mostly supported a regionalized view of cell identity across the long axis. Elucidating this organizational scheme has been a focal point of previous work, with various studies having arrived at different conclusions depending on the specific cell type examined. In CA3 pyramidal cells, discrete subpopulations are demarcated by sharp gene expression boundaries, with individual boundaries recapitulated by multiple genes (Thompson et al., 2008) . In CA1 pyramidal cells, some genes can exhibit sharp expression boundaries (Dong et al., 2009) , although whole-genome RNA-seq has shown that the principal organizational strategy is continuous variation of a single population (Cembrowski et al., 2016a; Habib et al., 2016) . This CA1 spatial organization was recapitulated by ISH, immunohistochemistry, and circuit mapping (Cembrowski et al., 2016a) .
Despite seqFISH purportedly revealing a primarily discrete hippocampal architecture, it is difficult to discern abrupt transcriptional boundaries across the long axis (Figures 5, 6 , and 7 in Shah et al., 2016) . Indeed, the only sharp boundary explicitly shown across this axis was in a single brain section (dashed line, Figure 5D ; no clear boundary is evident in Brain 2 or Brain 3, Figures 6 and 7 in Shah et al., 2016) , putatively between dorsal and intermediate CA1. This boundary, however, appears anatomically consistent with the border between CA1 and CA2 ( Figure 3A ). Pyramidal cells of CA2 are a structurally and functionally distinct class of neurons in the hippocampus (Hitti and Siegelbaum, 2014; Kohara et al., 2014 ), yet were not considered in Shah et al. (2016) . We examined whether the enriched genes in subclusters 1 and 2, expressed in putative intermediate CA1 cells, were actually associated with CA2 pyramidal cells. This was indeed the case ( Figure 3B ; CA2 data from cell-type-specific Figure 1 . The Majority of seqFISH Barcoded Genes Are Expressed at Negligible Levels in the Hippocampus (A) The expression of genes enriched in subcluster 6_5, putatively expressed in dorsal CA1, was investigated in CA1 pyramidal cells in external datasets. Left: in a cell-type-specific population-level RNA-seq dataset (''Population RNA-seq''), no expression was seen in either dorsal or ventral CA1. Middle: in a single-cell CA1 pyramidal cell RNA-seq dataset (''Single-cell RNA-seq''), only 11 of 827 neurons expressed any of the three available marker genes. Right: none of the four genes were found to be expressed in CA1 pyramidal cells in the Allen Mouse Brain Atlas (''In situ hybridization''). Sagittal sections are shown. Inset: example of signal in DG hilus for the Csf2rb2 gene, indicating proof of detection. Image credit: Allen Institute. (B) The expression of all barcoded genes was investigated in CA1 pyramidal cells. In each of Population RNA-seq, Single-cell RNA-seq, and In situ hybridization cases, most genes were found to be expressed at extremely low or undetectable levels. Moreover, they did not exhibit signatures associated with heterogeneity (e.g., dorsal versus ventral enrichment in Population RNA-seq, high relative coefficient of variation (CV) in Single-cell RNA-seq). In left and middle graphs, data points represent genes, with red points illustrating barcoded genes. (C) Barcoded gene expression was investigated in multiple principal, interneuron, and non-neuronal cell types in the hippocampus. Most genes were found to be expressed at extremely low or undetectable levels. In left and middle graphs, x axis spans 100 barcoded genes of Shah et al., (2016) , sorted according to peak expression across cell classes.
population RNA-seq data; Cembrowski et al., 2016b) , with one of these genes (Amigo2) even having been exploited for CA2-specific access in previous work (Hitti and Siegelbaum, 2014) (Figure 3C) . Therefore, upon cross-validation, the discrete dorsalto-intermediate CA1 transition identified by Shah et al. (2016) appeared to actually be the well-established CA1-CA2 border.
With this finding, combined with the aforementioned limitations of seqFISH (Figures 1 and 2) , it is important to understand how Shah et al. (2016) can resolve even canonical neuronal boundaries (e.g., CA1 versus CA2). The classification reported by Shah et al. (2016) emerges from the combined results of two different hybridization approaches: combinatorial seqFISH barcoded genes and individual non-barcoded genes. The non-barcoded genes, detected in a single round of hybridization, are used to target higher abundance genes not necessarily amenable to seqFISH. Identification of the CA2-CA1 border above, for example, was aided by a non-barcoded higher abundance gene (Amigo2) previously known to be restricted to CA2 pyramidal cells. The only other conventional neuronal boundary recapitulated by Shah et al. (2016) , between the granule cell layer and the subgranular zone of the dentate gyrus (Figure 4 in Shah et al., 2016) , also employed non-barcoded marker genes known to distinguish between these two regions. Here, this spatial partition reflects the division between mature and immature granule cells, and several known markers for immature neurons (e.g., Sox2 and Dcx) and mature granule cells (e.g., Calb1) were included in the non-seqFISH genes. Thus, the broad cell-type divisions identified by Shah et al. (2016) may be primarily driven by non-barcoded genes rather than being determined by the seqFISH technique itself. Reinforcing this, non-barcoded genes are associated with >70% of the transcript counts underlying cellular classification ( Figure 3 in Shah et al., 2016) despite comprising only 20% of the total number of targeted genes (n = 25/125). Given that even the combination of non-seqFISH and seqFISH approaches still did not recapitulate foundational cellular taxonomies (Figure 2) , it remains unclear whether seqFISH can provide insight into the spatial organization of brain regions.
New methodologies like seqFISH have the potential to provide fundamental insight to neuroscience. However, conclusions from emerging techniques should always be considered in the context of other available data. This is especially critical due to the multiscale nature of the brain, which can be analyzed at many levels of abstraction. These levels span molecules, cells, and circuits, and each spatial scale contributes to an understanding of the nervous system. As a consequence, no single methodology in neuroscience will suffice as a definitive classifier; rather, a well-defined neuronal taxonomy should incorporate these various levels of abstraction into a coherent description of cell types. As new technologies emerge, crossvalidation with existing methods and datasets will be a critical step toward generating a unified multimodal depiction of brain structure and function.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 
